The simulated consensus CV was very sensitive to increases in assay bias variability, with greater effects at low levels of mean assay imprecision. Changes in assay imprecision variability had a much smaller effect on the simulated consensus CV, while the simulated consensus mean was relatively insensitive to any change in the other variables.
Background External quality assessment/proficiency testing programmes that report consensus means and coefficients of variations (CVs) are a potential source of information on assay bias and imprecision. This study examined the effect of variability in assay bias and imprecision on consensus means and CVs, using a computerized spreadsheet model.
Methods A model with varying assay bias (mean and standard deviation) and assay imprecision (mean and standard deviation) was developed using a MS Excel 2003 spreadsheet with a macro to generate pseudo-random numbers from a Gaussian distribution. The means, standard deviations and CVs of these data points were considered to simulate the consensus measures reported in external quality assessment testing programmes.
Introduction
Assay imprecision is a key parameter in judging quality and performance of a diagnostic assay. Inter-laboratory data are useful when assessing the performance of an individual laboratory and when considering competing candidate methods for a new assay. External quality assessment/pro¢ciency testing programmes that report consensus means and coe⁄cients of variations (CVs) are a potential source of information on assay bias and imprecision. The consensus means, standard deviations and CVs from programmes such as the College of American Pathologists (CAP) external quality assessment survey can be interpreted as measures of assay bias and imprecision. 1, 2 Many publications have focused on the problems in assessing bias from external quality assessment (EQA) data due to the noncommutability of the control material. 3, 4 However, the mathematical e¡ect of variability in bias and imprecision on bias and imprecision measures is often overlooked. This study examines the e¡ect of variability in assay bias and imprecision on consensus means and CVs, using a computerized spreadsheet model.
Methods
The simulation assumed assay bias and imprecision to be independent Gaussian variables. The model uses four variables: assay bias with a mean of Xb and standard deviation of SDb and assay imprecision with a mean of Xi and standard deviation of SDi. SDb, Xi and SDi are all expressed as %Xb. A macro 5 was used to generate pseudo-random numbers from a Gaussian distribution within an MS Excel 2003 (with O⁄ce Service Pack 2) spreadsheet. This macro was used to generate 10,000 pairs of individual bias values and imprecision values based on the above parameters. These paired values were then used in the macro to generate 10,000 single data points, whose mean, standard deviation and CV were calculated. This population mean and CV are equivalent to the consensus mean and CV from EQA programmes such as CAP. The di¡erence between the simulated consensus means (Xc) and CVs (CVc) and the di¡erence between true assay biases (Xb) and CVs (CVi ¼ Xi/Xb) were then calculated. Sensitivity analysis was performed to assess the e¡ect of varying Xi, SDi and SDb on the simulated consensus values. The entire simulation was run 10 times, and the averaged results are reported.
Results
The e¡ect of increasing variability in bias (SDb) on the di¡erence between the simulated consensus CV (CVc) and assay CV (CVi), at four di¡erent levels of true mean imprecision (Xi), is shown in Figure 1 . To illustrate the e¡ect of variability in bias alone, a uniform SDi value of 0.1 was used for the graphed data. The graph shows an increasing di¡erence between the simulated consensus CV and assay CV with increasing variability in assay bias (SDb) and decreasing assay mean imprecison (Xi). Figure 2 shows the di¡erence between the simulated consensus mean (Xc) and assay mean bias (Xb) in relation to increasing variability in bias (SDb) at four di¡erent levels of true mean imprecision (Xi). The plot shows minor variations in the di¡erence between the simulated consensus mean (Xc) and the assay mean bias (Xb); the di¡erence remains less than 0.1% at all SDb values less than 10%.
Discussion
This simulation shows that variability in assay bias has a signi¢cant e¡ect on consensus imprecision measures. For example, if the true mean assay imprecision is 5% and the SDb is 5%, the observed consensus CV of 7.1% will overestimate the true mean CV by 2.1%. This overestimate is very sensitive to variation in SDb, with the greatest e¡ect at low true mean assay imprecision levels. One should, therefore, be particularly cautious when interpreting low consensus CV values. It has been suggested that the overestimation of withinlaboratory assay imprecision by consensus imprecision measures can be overcome by using 0.9 times the consensus CV as an approximation for within-laboratory imprecision; 6 however, the results of this simulation do not support the use of a uniform correction factor in all cases. The di¡erence between the consensus mean and the assay mean bias shown in Figure 2 was very small (o0.1%). This suggests that the consensus mean is relatively una¡ected by variability in assay bias and imprecision and can be used as a reliable measure of true assay bias from a statistical standpoint. Bias assessment is complicated by test material non-commutability, which is a separate issue and not considered here.
In practice, assay imprecision and bias are unlikely to be either Gaussian or independent variables. One should also be aware of potential limitations when generating pseudo-random numbers in computerized spreadsheets. 7 Nevertheless, the contribution of variability in assay bias to the observed consensus CVs illustrated here remains an important consideration.
Changes in consensus CVs from cycle to cycle will re£ect not only changes in assay imprecision, but also variability in assay standardization, and should not necessarily be interpreted as improving or deteriorating assay imprecision. Given this problem, data from EQA programmes that use repeated analysis of material to calculate individual laboratory assay imprecision, such as the RCPA-AACB program, may o¡er more reliable estimates of true assay imprecision than consensus imprecision ¢gures.
